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ABSTRACT
Swindle, Taren Michelle, Ph.D. The University of Memphis. May 2013. Product
of Coefficients and Bootstrapping Estimation Approaches to Multiple Mediation Effects:
A Comparison of Cross-Sectional and Longitudinal Research. Major Professor: Terry
Ishitani, Ph.D.
Modern approaches to estimation of mediation have evolved to create
inconsistencies in the science. Researchers claim mediation effects with differential
analytic techniques and discrepant considerations for the passage of time. This study
compares and contrasts the results and substantive conclusions reached by four
approaches to mediation estimation: (a) cross-sectional data with product of coefficients
estimation of mediation; (b) cross-sectional data with bootstrapping estimation of
mediation; (c) longitudinal data with product of coefficients estimation; and (d)
longitudinal data with bootstrapping estimates. An empirical example of multiple
mediators in the relationship between neighborhood quality and child television exposure
is provided. Findings were consistent between the product of coefficients and
bootstrapping approaches. Variations between the cross-sectional and longitudinal
approaches, however, were substantial. A significant mediation effect was identified
cross-sectionally that was not significant, nor the even the strongest of indirect effects,
longitudinally. This is the first study to provide a real-world illustration of the
consequences of divergent approaches to mediation estimation. In light of study findings,
it is recommended that use of the term “mediation” be discontinued as it relates to crosssectional analyses.
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Chapter 1
Introduction
Statement of the Problem
Mediation is “typically the standard for testing theories regarding process”
(Rucker, Preacher, Tormala, & Petty, 2011, p. 359), allowing researchers to “explain
how or why two variables are related” (MacKinnon & Fairchild, 2009, p. 16) by
estimating how “[s]ome variable X influences a mediator M, which in turn influences an
outcome variable Y” (Maxwell & Cole, 2007, p. 24). Targeting mediators in intervention
and prevention research can help “break the chains” whereby a risk factor leads to an
undesirable outcome (Kraemer, Kiernan, Essex, & Kupfer, 2008, p. S101).

However,

approaches to estimation of mediation have evolved to create inconsistencies in the
science. At least four different estimation methods continue to be used broadly despite
simulation studies demonstrating the advantage of some methods compared to others
(Hayes, 2009). In fact, one of the weakest methods in terms of power (MacKinnon,
Lockwood, Hoffman, West, & Sheets, 2002), the causal steps approach (Baron & Kenny,
1986), is still used by most researchers testing mediation effects (Hayes, 2009; Rucker et
al., 2011). The causal steps approach is also criticized for basing investigations for
mediation on logical hypothesis tests rather than statistical tests on the quantified value of
the effect (Hayes, 2009).
The product of coefficients approach (Sobel, 1982, 1986) is a popular alternative
that provides a test of significance for the indirect effect, but assumes (as does the causal
steps approach) normality of the sampling distribution of the intervening effect. Bollen
and Stine (1990) illustrate the problematic nature of this assumption by highlighting the
typical skew and kurtosis of indirect effects. These authors further demonstrate the more
1

accurate standard errors obtained by using a bootstrapping method of estimating
mediation, a strategy also known as resampling. Regardless of demonstrations of the
advantage of the bootstrap method for testing mediation (e.g., Shrout & Bolger, 2002;
Taylor, MacKinnon & Tein, 2007; Zhao, Lynch, & Chen, 2009), it is still a novel
approach to many researchers.
There are at least two additional design issues in estimating mediation effects. A
single mediator rarely accounts fully for the relationship between two variables (e.g.,
Rucker et al., 2011; Zhao et al., 2009). Rather, relationships between phenomena take
place in a rich context where many factors potentially contribute. Most studies of
mediation, however, consider only one potential mediator at a time (MacKinnon et al.,
2002; Preacher & Hayes, 2008) even though models including multiple mediators are
likely to be less biased in representing mediation (MacKinnon, Fairchild, & Fritz, 2007;
Preacher & Hayes, 2008).
A second design issue is that studies exploring mediation effects often do not
include an element central to the idea of mediation: the passage of time. For one variable
to cause another, it must occur first (Sobel, 1990). This idea of temporal precedence is
implied by theories of mediation; yet, as many as half of studies estimating mediation in
the field of psychology do so with cross-sectional data (Maxwell & Cole, 2007). In so
doing, researchers are specifying a model where the mediation process occurs
instantaneously (Selig & Preacher, 2009). The bias created by this misspecification is
substantial for both partial and full mediation models and is unpredictable in direction,
even for large samples (Maxwell & Cole, 2007; Maxwell, Cole, & Mitchell, 2011). That
is, sometimes mediation effects are underestimated, and sometimes mediation effects are
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overestimated with cross-sectional data. The magnitude of the bias can be quite large; a
longitudinal parameter of zero can be found to be statistically different from zero crosssectionally (Maxwell & Cole, 2007). Given that tests of mediation are vital to the study
of social, psychological, developmental, and educational processes, research is warranted
to demonstrate the divergent results achieved with various approaches. Illustration of
these differences is a necessary step toward wide-spread adoption of standard analytic
practices in estimating mediation.
An empirical example. According to the American Academy of Pediatrics
(AAP), children under the age of 2 should not watch television, and screen time should
be limited to 2 hours per day for children 2 and older (Committee on Public Education,
2001). This recommendation is supported by a growing body of literature on the
associations between television exposure and negative outcomes for children. Excessive
TV consumption is linked to a number of undesirable health outcomes including
decreased physical activity (Caroli, Argentieri, Cardone, & Masi, 2004), poor dietary
habits (Harris, Bargh, & Brownell, 2009; Kelly, Hattersley, King, & Flood, 2008; Powell,
Szczypka, Chaloupka, & Braunschweig, 2007), increased body fatness (Jackson,
Djafarian, Stewart, & Speakman, 2009), and an elevated body mass index (BMI; Danner,
2008). Television also demonstrates deleterious impacts in the cognitive and socioemotional realms.

Preschool children with elevated television exposure exhibit poor

language development (Zimmerman, Christakis, & Meltzoff, 2007), increased inattention
and hyperactivity (Miller et al., 2007), disrupted play (Schmidt, Pempek, Kirkorian,
Lund, & Anderson, 2008), and decreased cognitive capacity (Zimmerman & Christakis,
2005).
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The effects of television are both immediate and long-lasting. After consideration
of several relevant controls, television intake in childhood is related to increased attention
problems in adolescence (Landhuis, Poulton, Welch, & Hancox, 2007). Children that
watch excess TV are also more likely to become adults with lower cardiovascular and
respiratory fitness, increased BMI, increased cholesterol, and increased likelihood of
cigarette smoking (Hancox, Milne, & Poulton, 2004). Additionally, children exposed to
excessive screen time are less likely to attain a college degree (Hancox et al., 2004).
Despite the risks that television exposure conveys, many families are not abiding
by the AAP recommendations. Children under 2 are watching 2.2 hours on average per
day, and children ages 3 to 5 are watching 3.3 hours on average (Zimmerman &
Christakis, 2005). These averages are even higher among low-income families
(Stamatakis, Hillsdon, Mishra, Hamer, & Marmot, 2009) with 2- to 4-year-olds in these
families watching nearly 4 hours per day (Wright et al., 2001). One recognized reason
that low-income children consume more television is safety of the surrounding
neighborhood. Children living in neighborhoods that their mothers perceive as unsafe are
significantly more likely to watch more than 2 hours of TV per day (Burdette &
Whitaker, 2005). Neighborhood quality, in fact, is the most important predictor of TV
consumption beyond that of parental limit setting (Lee et al., 2009).
Children, especially those in disadvantaged settings, are getting more TV
exposure than is acceptable and are at risk for related negative outcomes. Identification
and evaluation of potential mediators can aid in understanding the process through which
neighborhood is related to television intake. This is a worthwhile endeavor as children’s
media habits are established at an early age and tend to be maintained over time (Lee et
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al., 2009). The current study will examine social interactions and parental stress as two
possible meditational mechanisms.
Rationale of this Study
This study will compare and contrast the substantive conclusions reached
between four approaches to estimating multiple mediation: (a) a cross-sectional product
of coefficients approach; (b) a cross-sectional bootstrapping approach; (c) a longitudinal
product of coefficients approach; and (d) a longitudinal bootstrapping approach.
Difference in the findings of the four model approaches will highlight the divergent
conclusions that can be reached when estimating model effects with varying strategies.
Consistency and accuracy in the field of behavioral science will continue to suffer
without acceptance of standards. Interventions based on faulty mediation analyses will
waste money and time. This study seeks to provide an empirical example of the
importance of sound and consistent scientific practices.
Analytic Approaches to Mediation
Causal steps approach. The concept of mediation was popularized by the work
of Baron and Kenny (1986), who outlined the first clear definition of mediation and the
steps by which to test it. In their work, the path from the independent variable (X) to the
mediator (M) is termed Path a; the path from the mediator (M) to the dependent variable
(Y) is termed Path b; and the path from the independent variable (X) to the dependent
variable (Y) is designated as Path c (see Figure 1). Following their recommendations,
three regression equations are computed to determine if mediation is present. First, the
independent variable should significantly predict the mediator (Path a). Second, the
independent variable should significantly predict the dependent variable (Path c). Third,
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the mediator must predict the dependent variable in the presence of the independent
variable (Path b). If the effect of the independent variable on the dependent variable is
significantly less in the presence of the proposed mediator, mediation is said to be
present. The mediation is deemed perfect (i.e., full) if Path c (c') is zero in the third
regression.

Figure 1. Simple mediation model

The causal steps approach continues to be a popular method to test mediation.
Fritz and MacKinnon (2007) reviewed 166 articles examining mediation in prominent
psychology journals published between 2000 and 2003. The causal steps test was used
five times more than any other strategy. Rucker et al. (2011) confirm that this pattern
remains today. A search of the literature reveals Baron and Kenny (1986) have been cited
over 25,000 times in the last 25 years. Nevertheless, the causal steps approach has faced
criticisms in the years since its initial advancement.
Power, the ability to detect a present effect, is low for the causal steps method
(MacKinnon et al., 2002) with a sample size requirement of over 21,000 to achieve
adequate power to show mediation when the effect is present but the paths of a and b are
small in strength (Fritz & MacKinnon, 2007). A second critique is the lack of a value to
6

quantify the mediating effect in this approach. The Baron and Kenny steps for
verification of mediation are merely a set of hypothesis tests requiring a rejection of the
null for three tests (Hayes, 2009). The necessity of rejecting three null hypotheses
increases the possibility of Type II error. Baron and Kenny (1986) also recognized the
possibility of measurement error biasing results with causal steps analysis.
Others have taken issue with the requirement that X must have a significant direct
effect on Y. In cases of competitive mediation where the paths of a and b are opposite in
sign, the regression coefficient for Path c may be near zero (Hayes, 2009; Zhao et al.,
2009). The requirement of an overall significant path c would preclude examining
mediation relationships where paths a and b are opposite in sign or in cases of multiple
mediation where the effects are of competing signs (Preacher & Hayes, 2008). In both
cases, there would be Type II errors (Collins, Graham, & Flaherty, 1998; MacKinnon et
al., 2002; Rucker et al., 2011; Shrout & Bolger, 2002).
Product of coefficients approach. When Baron and Kenny proposed their
approach, they recommended, but did not specify as a requirement, a test for the
significance of the indirect effect put forward by Sobel (1982). This recommendation was
largely overlooked until recent years (Preacher & Hayes, 2004). To conduct a Sobel test
(1986, 1982), (1) the paths a and b are calculated according to the Baron and Kenny
convention, (2) the product ab is determined, and (3) divided by a standard error term.
The result is a z-statistic for the indirect effect. This method is often called the product of
coefficients approach, and it is formally known as the delta method (Bollen & Stine,
1990; Hayes, 2009; Muthén & Muthén, 2011). This Z-statistic is then (4) tested for
significance against a normal distribution with a given alpha (e.g., .05). There are
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internet-based services whereby users can enter the values of paths a and b along with the
regression coefficient standard errors and receive a calculation of significance of the
Sobel test statistic for the indirect effect (e.g., Soper, 2012). Unless otherwise specified
by the user, this is the default method for testing the significance of indirect effects in
popular software packages including MPLUS and LISREL (MacKinnon et al., 2002;
Muthén & Muthén, 2011). The Sobel test is preferable to the Baron and Kenny approach
in terms of power (MacKinnon et al., 2002). It avoids the three hypothesis tests required
by Baron and Kenny by directly testing significance of the indirect effect (Preacher &
Hayes, 2004). This leads to less Type II error. Yet, rather than being used as a standalone procedure, the Sobel test is often used to support findings reached with the Baron
and Kenny steps (Hayes, 2009).
An additional concern with the Sobel method is that there are at least three
different prescribed formulae for calculating the standard error of the indirect effect
(Arioan, 1944; Goodman, 1960; McGuigan & Langholtz, 1993 as cited in MacKinnon,
Warsi, & Dwyer, 1995). There is a lack of consensus about which is the best (Preacher &
Hayes, 2004). According to MacKinnon and colleagues (1995), variations of the formula
are more or less stable under particular circumstances (e.g., small versus large samples,
binary versus continuous variables). Yet, few studies have cited this research suggesting
that there is little awareness of the most appropriate formula to use in a given research
context.
A final limitation of the Sobel method is that it assumes that indirect effects are
normally distributed; however, this is rarely the case (Bollen & Stine, 1990). Rather, the
distribution of the product ab tends to be asymmetrical with notable skew and kurtosis
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(Bollen & Stine, 1990). Only when the standard error of a variable nears the variable’s
mean does this distribution trend toward normality (Arioan, 1947). Hayes (2009) states
that“[w]e should not be using tests that assume normality of the sampling distribution
when competing tests are available that do not make this assumption and that are known
to be more powerful than the Sobel test” (p. 6). Sobel (1986) admits that the product of
coefficients approach performs best in large samples, and it assumes no measurement
error. A recent simulation study by Fritz and MacKinnon (2007) confirms that the sample
size required for adequate power with the Sobel test is consistently greater than with
resampling strategies. The difference in the required sample size is greatest when paths a
and b are small in size (.14 or less).
Bootstrapping. The bootstrapping approach, also known as resampling, began
appearing in the psychology literature in the late 1990s (Shrout & Bolger, 2002). While
bootstrapping is used less than the causal steps approach and product of coefficients
approach (Rucker et al., 2011), it has steadily gained in esteem since its introduction to
the social science field. One likely reason for increased interest in the bootstrapping
method is the capability of computer programs to ease the complexity of its use. What
was previously a labor-intensive calculation process, even with earlier computers, can
now be accomplished in a matter of minutes. More importantly, bootstrapping addresses
key limitations of other approaches to mediation.
Bootstrapping overcomes the assumption of normal distribution of the indirect
effect by using the sample data to create a sampling distribution of estimates of ab
(Bollen & Stine, 1990; Hayes, 2009; Shrout & Bolger, 2002; Zhao et al., 2009). That is,
(1) the variables X, M, and Y are sampled with replacement from the original data set to
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create N samples. For each resample, (2) a, b, and ab are estimated. The indirect effect is
the (3) mean of the calculated ab values across samples (Zhao et al., 2009). Finally, (4)
95% confidence intervals (CI) are created around these estimates (Shrout & Bolger,
2002). The indirect effect is deemed significant if zero does not fall within the CI. In
other words, researchers can be 95% confident that the indirect effect is significantly
different from zero if zero does not appear in the CI band (Hayes, 2009). These
confidence intervals are estimated differently than in the product of coefficients
approach. Based on the empirically estimated sampling distribution, the estimates of ab
(from Step 2) are sorted from smallest to largest (Hayes, 2009). The lower- and upperbound values of the CI are determined by identifying the values at each end of the range
of values beyond which 2.5% of the estimates of ab lie. The result is a confidence
interval that can be asymmetric about the mean, and thus sensitive to the non-normal
distribution of the indirect effect.
MacKinnon and colleagues (2007) recommend bootstrapping as the optimal
method for mediation testing and outline advantages of the resampling approach. For
one, bootstrapping tests significance with confidence intervals which avoids the
controversy over the appropriate calculation of standard error all together (Hayes, 2009).
Secondly, bootstrapping does not require as many assumptions as other methods and
accommodates the non-normal distribution of indirect effects with the calculation of
asymmetrical confidence intervals (Bollen & Stine, 1990). This adjustment decreases the
chances of missing a real effect (i.e., zero is in the CI more accurately; MacKinnon et al.,
2002, Zhao et al., 2009). In a simulation study, bootstrapping outperformed the Sobel
test in terms of power by 12.7%, although the exact difference in power depends on the
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strength of association between variables (Zhao et al., 2009). Unlike the Sobel method,
this approach is not limited to large samples (Bollen & Stine, 1990; Preacher & Hayes,
2004). Though there is continuing disagreement about what constitutes a ‘large’ sample,
the bootstrapping approach performs better than other approaches in moderately-sized
samples (Bollen & Stine, 1990). Additionally, it outperforms the Sobel method when
model contrasts are of interest, a situation which results in an undefined standard error
and, thus, an indeterminable solution under the delta method in many cases (Williams &
MacKinnon, 2008).
Finally, bootstrapping is a method most commonly executed within a Structural
Equation Modeling (SEM) framework. This allows for the explicit modeling of
measurement error which is recognized as a missing element by both Baron and Kenny
(1986) and Sobel (1986) in regards to their respective strategies. Of course, advances
since the time of their writing allow for the use of their prescribed methods within SEM.
However, such is not the default, and many users continue to use these approaches with
OLS regression which does not account for error in measurement.
Multiple mediator models. Models with two or more specified mediators are
simple extensions of models with a single mediator (MacKinnon, 2000). Inclusion of
multiple mediators means “theories can be pitted against each other in a single model
(Hayes, 2009, p. 11)” by comparing the magnitude of the indirect effects (Preacher &
Hayes, 2008). Multiple mediator models intuitively make more sense in the context of
complex social-behavioral theories. Yet, few studies consider more than one mediator at
a time (MacKinnon et al., 2002; Preacher & Hayes, 2008). Dual mediator models may be
particularly important for re-investigation of previous mediation studies where an indirect
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effect was positive and the direct effect was negative (or vice versa) and possibly, nonsignificant (Zhao et al., 2009). Such findings suggest that there are additional mediators
to identify. In the same vein, two mediators can operate together to cancel out the direct
effect of X on Y (Hayes, 2009). Researchers may abandon potentially useful mediation
models because other potential mediators are not appropriately considered (Zhao et al.,
2009).
Preacher and Hayes (2008) outline several advantages to multiple mediator
models over the simple mediator model. First, the set of potential mediators can be
examined for a cumulative total effect (like a set of predictors in a regression analysis).
Second, multiple mediator models allow for estimation of a unique mediating effect in
the presence of other theoretically probable mediators. Third, parameters are less likely to
be biased due to omission of relevant variables. Fourth, multiple mediator models allow
for the comparison of process theories without the bias of estimating several single
mediator models and permit for the comparison of effect sizes. In short, multiple
mediation models can be more “convenient, precise, and parsimonious” (Preacher &
Hayes, 2008, pp. 886-887) than simple mediation models. Although there are few
simulation studies comparing estimation methods in multiple mediation models,
bootstrapping fares better in regards to Type I error and power than the causal steps and
product of coefficients approaches in the studies that are available (Williams &
Mackinnon, 2008).
Longitudinal mediation. Collins and colleagues (1998) specify that a distinctive
characteristic of mediation is that it represents a chain reaction. These authors state:
First there is an independent variable (prevention program), which then causes a
change in the mediator (an increase in resistance skills), which then causes change
12

in the dependent variable (refusal of drug offers). According to our definition, in
its strictest form a mediate process is analogous to a line of dominos. Knocking
over the first domino starts a sequence where the rest of the dominos are knocked
over after another…One implication of this is that the mediated process unfolds
over time. It cannot be instantaneous, although it may be rapid. (pp. 296 -297)
Several authors, before and since, agree that a variable must precede another in time to be
deemed a cause of another variable (see Cole & Maxwell, 2003, 2009 and Maxwell &
Cole, 2007 for a review). Collins et al. (1998) further prescribe that at least two
observations in time are needed to obtain any information on mediation and that three or
more observations is optimal. Thus, it is surprising that more than half of modern studies
in prominent psychology journals that examine mediating effects do so with crosssectional data (Maxwell & Cole, 2007).
Temporal sequence is particularly relevant for researchers studying mediation in
an attempt to inform intervention efforts. By definition, risk and protective factors exist
prior to an unwanted outcome and increase or decrease the likelihood of that outcome,
respectively (Kraemer et al., 1997). Order of events must be established to identify
problematic risk factors acting as mediators in undesirable chains (e.g., Poor
Neighborhood → Social Isolation → Increased Television). However, if all variables in
the mediation model are measured simultaneously, the research could rearrange X, M,
and Y without knowing which specification is accurate (MacKinnon et al., 2007).
Cross-sectional analysis of mediation effects makes very strong and problematic
assumptions including: (a) that the variables don’t change over time (stability); (b) that
the causal effects are the same over time (stationarity); and (c) that the system is in
equilibrium with a constant pattern of covariances and variances (temporal stability; Cole
& Maxwell, 2003). The bias introduced by these untenable assumptions is substantial.
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Cross-sectional analyses of mediation can come to completely opposite conclusions to
longitudinal analyses even under optimal conditions (Cole & Maxwell, 2003; Maxwell &
Cole, 2007). Cross-sectional approaches with bootstrapping do not solve the problem
(Maxwell et al., 2011); confidence intervals for the cross-sectional indirect effects are
essentially meaningless for understanding causal process over time. Moreover, the
direction of the bias is variable depending on the stability of X and M over time, which is
difficult to predict (Maxwell & Cole, 2007). In effect, cross-sectional mediation analyses
are misspecified models that introduce unpredictable bias into model parameters
(Maxwell & Cole, 2007; Maxwell et al., 2011).
MacKinnon et al. (2010) highlight the importance of longitudinal mediation
models to overcome the problems with cross-sectional data and predict that evaluation of
such models will be an active area of research, both in simulation studies and
comparisons of models with real data. Longitudinal data sets allow for testing if effects
are stable across time and if temporal precedence is plausible (MacKinnon et al., 2010).
Longitudinal models also allow for control of the ever-present confound of the dependent
variable at prior time points (Gollob & Reichardt, 1991). Other researchers affirm that
longitudinal data is not only preferable, but necessary. Maxwell and colleagues (2011)
describe efforts to estimate mediation with cross-sectional rather than longitudinal data as
“almost certainly futile” (p. 836).
Conceptual Model
Neighborhood quality, social isolation, and television. Social capital theory
provides a framework to understand the social relations of families in disadvantaged
neighborhoods. Specifically, social capital theory purports that families in low-quality
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neighborhoods are likely to experience decreased quality of social networks and
reciprocal relationships compared to families living in higher-quality neighborhoods
(Osterling, 2007). Supporting this theoretical assertion, Turney and Harknett (2010) find
that mothers who moved to less advantaged neighborhoods reported a significant
decrease in support. A potential reason for these lower levels of support is that
neighborhood reputation is predictive of social trust (Agneta, Timpka, Svensson,
Karlsson, & Lindqvist, 2010). Families residing in unsafe areas may intentionally isolate
themselves from other families to protect themselves.
Social isolation is a potentially important factor in understanding why
neighborhood disadvantage is related to increased TV exposure. Studies suggest that
television is sometimes used as replacement for social interaction. For example, Finn and
Gorr (1988) find that social support is negatively related to a social compensation
motivation for TV-viewing. Conversely, loneliness is positively related to a social
compensation motivation. In a related study, lonely persons reported increased use of
movies and television and infrequent engagement in social activities and interactions with
family or friends. People identifying themselves as lonely are also less intentional in their
viewing (i.e., plan to watch the news or specific programming), instead using television
passively (Perse & Rubin, 1990).
Neighborhood quality, parenting stress, and television. Parents in low-quality
neighborhoods face a unique set of challenges. Factors outside the home are likely to
create demands on parents’ resources (psychological, financial, etc.) that create stress and
impact a parent’s involvement with the child (Warren, 2005). In fact, neighborhood
disadvantage is related to increased psychological stress (Hill, Ross, & Angel, 2005;
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Kim, 2010; Ross & Mirowsky, 2009), chronic stress symptoms (Steptoe & Feldman,
2001), and parenting stress (Franco, Pottick, & Huang, 2010). In the midst of this strain,
parents may use television as a parenting strategy to educate, pacify, and/or babysit their
children. Stressed adults are also more likely to watch TV themselves (Anderson, Collins,
Schmitt, & Jacobvitz, 1996; Henggeler, 1991), which will increase the amount of
television exposure for children in the home.
Social interaction and parent stress. Parenting stress is likely to be exacerbated
in the absence of social relations (see Kawachi & Berkman, 2001 for a review on the link
between social support and mental health). For example, neighborhood disorder is less
likely to lead to depression for people with social support (Joongbaeck & Ross, 2009).
Social support is also documented as a stronger predictor of mental health than even
physical environment (Gidlow, Cochrane, Davey, Smith, & Fairburn, 2010). Another
study finds that higher levels of emotional and instrumental support are related to
decreased psychological distress among African American mothers in low-income
neighborhoods (Ajrouch, Reisine, Lim, Sohn, & Ismail, 2010).
Model representation. Figure 2 provides a representation of the proposed
theoretical model from a cross-sectional perspective. Figure 3 translates this to a halflongitudinal model. Based on extant literature and theory, social interaction and parental
stress are hypothesized as mechanisms through which neighborhood quality impacts child
television exposure. It is proposed that parents in unsafe neighborhoods will replace
social interactions with television, that increased levels of parenting stress due to
neighborhood quality will also result in more television in the home, and that parent
stress in this context will be impacted by the level of social interaction. No direct path is
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proposed between neighborhood and TV exposure as the signs of the proposed mediators
are opposite, which, if appropriate, would coincide with a near zero direct effect between
neighborhood and TV exposure (Preacher & Hayes, 2008). The proposed study will
compare and contrast the findings and resulting conclusions that are reached when testing
this multiple mediator model from a cross-sectional versus longitudinal perspective with
bootstrapping estimation as compared to product of coefficients estimation.

Figure 2. Neighborhood quality and television exposure: Cross-Sectional model
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Figure 3. Neighborhood quality and television exposure: Longitudinal model

Research Questions
This study proposes to explore the following questions:
(1) What are the differences in substantive conclusions that are reached with
different estimation methods for the same theoretical multiple mediator model?
Comparisons will be made between four methods: (a) cross-sectional data with product of
coefficients estimation; (b) cross-sectional data with bootstrapping estimation; (c)
longitudinal data with product of coefficients estimation; and (d) longitudinal data with
bootstrapping estimation. This is the first known study to use an empirical example to
illustrate the differences between a multiple mediator model estimated with product of
coefficients versus bootstrapping estimation, either cross-sectionally or longitudinally.
Differential findings between the approaches will serve as an example of the "biased and
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potentially very misleading estimates of meditational processes" when mediation is
evaluated incorrectly (Cole & Maxell, 2003, p. 560).
(2) Are social support and parenting stress mediators of the relation between
neighborhood quality and television exposure under optimum estimation methods of
mediation (i.e., bootstrapping with longitudinal data)? Magnitude of the specific indirect
effects for each mediator will be compared to determine if one effect is relatively more
important in the presence of the other. In the absence of specific indirect effects, it is also
possible that a total indirect will be found. This will be the first exploration of potential
mediators between neighborhood quality and television exposure. Identification of
process mechanisms that increase television exposure for children in low-quality
neighborhoods will inform intervention and parent support efforts.
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Chapter 2
Methodology
Procedure
The Family Map (FM) interview was adopted by 20 Head Start centers located in
an urban area (n = 53 classrooms) and in 6 centers in rural areas (n = 17 classrooms).
Teachers of these classrooms were trained in the use of the FM during a 2 to 4 hour
session, depending on the training time allotted by each site’s administration. Training
included information about intent of the items, the impact of the parenting and home
environment on children’s learning outcomes, identifying risks to suggest goals for the
family, and the use of non-judgmental interview techniques to avoid influence upon
participant responses. Teachers also watched videos of interviews to learn proper
administration of questions. FM interviews were then conducted during the yearly home
visits in the fall and spring. The research team, under Institutional Review Board
protocol, conducted a record review of these interviews. Family Maps were scanned
using Remark OMR software, stripped of all identifying information, and exported to
SPSS.
Participants
Participating Head Starts adopted the Family Map as an interview to be used in
the federally-required, twice yearly home visits. All parents with a child in the Head
Starts were required to complete the Family Map interview with their teacher during their
fall and spring home visits. Due to program withdrawal, 268 families that were
interviewed in the fall could not be interviewed in the spring. In total, 767 primary
caregivers completed a FM interview at two time points. See Table 1 for demographics
as provided from the fall interview. Most frequently, interviews were with the mother or
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mother figure (86.3%). Centers involved in the study served Head Start families in both
urban (74.7%) and rural (25.3%) settings of a Southern state. Over half of families were
African American (55.7%) with Hispanic (17.8%), White (20.8%), and other (5.6%)
ethnicities comprising the rest of the sample. English was the main language spoken in
the home for 77.3% of families. The responding caregiver reported being employed 71%
of the time. Most reported having at least a high school education or equivalent (84.6%)
and being married or with a significant other (59.9%). There were 2.26 children in the
home in addition to the target child, on average. Many families (38.7%) reported moving
1 or more times in the previous year.
The Family Map
The Family Map is a semi-structured interview, composed of twelve modules,
that assesses key aspects of the family and home environment that are important for
healthy development in 3- to 5-year old children (Whiteside-Mansell, Bradley, Conners,
& Bokony, 2007). The tool aids childcare providers in systematically identifying areas of
concern and strength to best design interventions and reduce risk conditions for families
(e.g., daily routines, parent mental health, nutrition, safety issues) or promote conditions
associated with child well-being (e.g., variety of experiences, monitoring and
supervision, family cohesion). Each module consists of survey and observational items
that assess risks and target a specific aspect of the family that is impactful for the child.
Items in the measure were compiled from a larger pool of existing assessment tools used
in national studies of low-income families.
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Table 1
Caregiver Demographics
Total
(N = 767)
Ethnicity
African American

55.7%

White

20.8%

Hispanic

17.8%

Other

5.6%

Education
No HS Diploma/No GED

14.8%

HS Graduate/GED

36.0%

Some Post-Secondary or Vocational Ed

49.1%

Primary Caregiver Employed

71.1%

Respondent is Female

85.4%

Primary Caregiver Has Partner/Married

60.2%

Urban

70.4%

Target Child is Female

51.9%
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The Family Map exhibits strong test-retest reliability over a two-week period
when conducted by both teachers and trained research staff (Whiteside-Mansell et al.,
2007). All items implicated in this study exhibit test-retest reliability beyond .63. Validity
of the tool is also supported by risk estimates of the Family Map aligning with national
risk estimates in similar populations to the validation samples (Whiteside-Mansell et al.,
2007; Whiteside-Mansell, et al., in press). Overlap between risks on the sub-sections of
the Family Map reflects established risk patterns in the extant literature, providing
evidence of convergent validity (Whiteside-Mansell, Johnson, Burrow, McKelvey, &
Bradley; 2010). Constructs in the FM have also been validated by strong correlations to
direct observations of conditions in the home, as well as to independent assessments of
risk by standard instruments in the field (Whiteside-Mansell et al., in press). Four
modules of the Family Map are relevant to this study and are described below. Items
selected from each module are summarized in Appendix B by construct.
For each endogenous latent construct, three manifest items were selected as
indicators. The use of three indicators ensures that each construct is locally just-identified
(Little, 2011a; Little, Rhemtulla, Gibson & Schoemann, in press). That is, the unique
elements available equate to the number of parameters estimated for each construct (i.e.,
u = t where t = parameters; u = p (p+1)/2; and p = number of variables). The advantage of
this approach is that the degrees of freedom for each construct are contained. Degrees of
freedom only originate from relations between constructs (Little, 2011a; Little,
Rhemtulla, Gibson & Schoemann, in press). This creates a more clean and accurate
evaluation of the structural model. Appendix C provides the means, standard deviations,
and bivariate correlations for all indicators.
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For the construct of Neighborhood Quality, all available indicators were used.
There were only two available indicators for the exogenous outcome of Television
Exposure. Therefore, these indicators were restricted to be tau equivalent in measurement
model estimation to also achieve local identification per the construct. Indicators for
Social Support and Parent Stress were made based on considerations of item variability,
skew, and kurtosis. The items with the greatest variability and least skew and kurtosis
were favored for selection over other available items. These criteria was chosen as there
was no reason to expect any of the manifest items to be better indicators of the latent
construct than other available items. The items representing each construct are
represented in Appendix A and are described hereafter.
Neighborhood Quality is composed of items focusing on violence and crime
exposure in the home and neighborhood. Items were originally developed for the Early
Head Start Research and Evaluation Project and the study of the Fast Track program. The
first item asked parents (1) how often they thought of moving to another home because of
the safety of their neighborhood (1 = Never, 4 = All of the time). The other two items
asked about the seriousness of problems with the (2) selling and use of drugs (1 = Not
Serious, 4 = Very Serious) and with (3) muggings, assaults and burglaries (1 = Never
Happen, 4 = Happen Very Often) in their neighborhood.
Social Support includes items focused on family social support and integration into
the community. These items originated from the national Infant Health and Development
study. Participants were asked about how often in the past month they had participated in
a (1) neighborhood or community organization, committee, club or sports team (2)
church service or other religious club or activity, and (3) hobby or sport with a friend (1 =
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None, 4 = More than once per week).
The Parent Stress construct has three items relevant to this study originating from the
Parenting Stress Index (Abidin, 1995). Caregivers rated their agreement (1 = Strongly
Disagree, 4 = Strongly Agree) with items reflecting potential parenting stress. These
statements were (1) “I feel that my child is much harder to care for than most children
his/her age;” (2) “When I do things for my child, I get the feeling my efforts are not
appreciated;” and (3) “Sometimes the punishment I give my child depends on my mood.”
There were two Television Exposure questions. Families were asked (1) how many
hours per day their television was on, even if no one was watching, and also about (2)
how many hours per day the child watches television.
Analysis Approach
Assumptions. Approaches to estimation of mediation are founded on statistical
assumptions about the data. Table 2 summarizes assumptions across methods.
Assumptions are statistical criteria, which if not met, threaten the validity of the results of
an analysis (Ethington, Thomas, Pike, 2003). The Baron and Kenny (1986) and Sobel
(1982, 1986) approaches are based on multiple linear regression models. There are six
key assumptions of multiple linear regression (Ethington et al., 2003). First, the model is
assumed to be appropriately specified. That is, the relationship between the independent
variables and the outcome is assumed to be linear with all relevant predictors included.
Second, the independent variables are presumed to be measured without error. A
violation of these two assumptions can lead to inaccurate estimation of the regression
coefficients. The remaining assumptions relate to the error term (i.e., residual variance).
Error is assumed to have the following characteristics: (a) a mean of zero with no
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dependence on the predictors (mean independence); (b) the same variance across levels
of the independent variables (homoscedasticity); (c) no relationship between observations
(uncorrelated errors); and (d) a normal distribution. When the assumptions related to the
error term are violated, standard error of the regression coefficients can be biased, which
can result in inaccurate conclusions about significance. These assumptions will be
evaluated according to the conventions described by Ethington et al. (2003).

Table 2
Assumptions of Mediation Approaches
Causal
Steps
No misspecification
X

Product of
Coefficients
X

Homoscedasticity

X

X

Mean independence

X

X

Normality of error

X

X

Uncorrelated errors

X

X

Normality of indirect effect

X

X

Sample is representative

X

X
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Bootstrapping
X

X

X

Multiple linear regression is founded on the general linear model (GLM; Kline,
2011). The GLM is a restricted case of SEM (Fan, 1997). That is, the statistical engine
(GLM) underlying multiple regression is similar to, but more constrained than, SEM.
SEM, unlike regression, provides for the inclusion of latent constructs based on shared
variance of manifest variables, which allows for the explicit modeling of measurement
error. The result is a more clean and accurate understanding of between-construct
relations. All models will be estimated within an SEM framework. In addition to the
assumptions of multiple regression, SEM with the common normal theory estimation
methods (e.g., Maximum Likelihood, ML) has the unique assumption of multivariate
normality (Kline, 2011). If multivariate normality is met, each univariate distribution will
be normal, all possible bivariate distributions will be normal, and all bivariate relations
will be linear with homoscedastic residuals (Kline, 2011). Violations of multivariate
normality can bias chi-square values and the standard error estimates used for
significance testing (Kline, 2011). When data demonstrate multivariate non-normality,
alternate estimation methods should be employed.
Bootstrapping is a non-parametric technique with far fewer assumptions (Mooney
& Duval, 1993) than a typical regression or SEM analysis. Rather than relying on
assumptions about underlying distributions, a sampling distribution is empirically
generated from the sample data. Distributional univariate and multivariate normality of
variables and error terms are not required (Mooney & Duval, 1993). The primary
assumption of bootstrapping is that the sample distribution is of the same shape as the
population distribution (Kline, 2011). As with multiple linear regression, it also assumes
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the model is appropriately specified and that errors are uncorrelated (i.e. independence of
observations).
Identification. In addition to these assumptions, SEM requires that each model
meet requirements for identification. Computer programs cannot derive solutions for
parameter estimates when identification is not achieved (Kline, 2011). Identification has
two elements: (a) the degrees of freedom for the model must be greater than or equal to
zero and (b) each latent construct must be scaled to a metric (Kline, 2011). The degrees
of freedom are greater than zero when the number of unique variances and covariances
(u) is greater than the number of parameters estimated (t). A model is under-identified
when t is greater than u; a model is just-identified when t = u (i.e., df = 0); and a model is
over-identified when t is less than u (i.e., df > 0). The latter is desired over the justidentified model, wherein there is only one determinable solution. Degrees of freedom for
all models in this study will be greater than zero.
To satisfy the scaling requirement, latent constructs can be set to reflect the metric
of one specified indicator (the reference variable method) or set to have a specified
variance (the unit variance method, UVI; Kline, 2011). The UVI method of scaling was
selected for this study as (a) the metric of the manifest variables was not meaningful for
the exogenous constructs; (b) there was no information to indicate the relative or absolute
reliability of the indicators to inform the selection of the reference variable; and (c)
standardized regression coefficients were desired for clarity in interpretation. In his
forthcoming text on longitudinal SEM, Little (in press) states that UVI (also known as the
fixed-factor method) is the preferred choice over a reference variable method in
longitudinal modeling. This is because tests of factorial invariance across time
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(equivalence of the measurement model at Time 1 and Time 2) must demonstrate that
factor loadings are of the same relative order of importance. Setting a loading to be one
for purposes of identification disrupts the evaluation of invariance by pre-constraining
equality of the loadings apart from a test of invariance. Specifically, Little states, “If you
use the marker-variable method, you run the risk of making errors in judgment as to
which indicator(s) are not invariant” (Chapter 5, p. 16). The UVI method provides the
only suitable control for Type I error in identifying invariant factors (Lee, Little, &
Preacher, 2011)
Model Estimation. Data were cleaned and prepared in SPSS Version 19 (IBM
Corp, 2010) and imported into MPLUS Version 6.12 (Muthén & Muthén, 2011) for
model construction. LISREL 8.8 (Jöreskog & Sörbom, 1999) was also used for
exploration of the multivariate normality assumption and exploration of the missing data
pattern. The sample size of 767 satisfied the ideal of 20 cases per estimated parameter for
the cross-sectional model (q= 27) and the more liberal 10 cases per parameter rule of
thumb for the half-longitudinal model (q =51; Kline, 2011). For the models using the
product of coefficients approach, assumptions were addressed before proceeding to
model building. The significance values provided by the software for the indirect effect
(obtained via the delta method) were used to make decisions about the significance of
mediation for these models. In both the cross-sectional and longitudinal models utilizing
a bootstrapping approach, 20,000 resamples were executed by the MPLUS software. The
software package used these resamples to create a sampling distribution of the values of
a, b, and ab. The confidence intervals for the indirect effects generated from this
distribution were used to determine significance of the indirect effects.
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As recommended by McDonald and Ho (2002), the two-step method of model
specification was employed for the cross-sectional models. First, a confirmatory factor
analysis (CFA) confirmed the proposed measurement model was of appropriate fit.
Thereafter, structural relationships were added and fit was assessed again.
The half-longitudinal model required a more complex set of analytic procedures
to confirm that the measurement model was appropriate across time points (i.e., that the
latent factors reflect the same constructs over time; factorial invariance). Without
verification of factorial invariance, a longitudinal analysis is not possible (Little,
Preacher, Selig, & Card, 2007). Three types of factorial invariance must be established
by specifying progressively more stringent constraints on the measurement model (Little
et al, 2007). To verify each type of invariance, a chi-square difference is computed. The
model with the added constraints should not fit significantly worse than the model in the
previous step (a non-significant chi-square difference statistic). When the chi-square
difference statistic is significant, the change in CFI between the models should be
examined as these values are less sensitive to sample size and complexity of model
specification (Cheung & Rensvold, 2002). A change in CFI of less than .01 indicates the
test for invariance is satisfied.
Specifically, (a) the constructs must have the same fixed and free loadings at each
time point (configural invariance); (b) the constructs must have the same relative pattern
of factor loadings across time (weak factorial invariance); and (c) indicator means should
hold the same pattern across time (strong factorial invariance). Configural invariance
confirms that the indicators and scale-setting methods are the same, and the model fit is
reasonable at both time points (Little et al., 2007). Weak factorial invariance can be
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tested when configural invariance is verified and provides the first check on if the
constructs are comparable across time. To test this, factor loadings are constrained to be
equal at Time 1 and Time 2. The pattern of loadings should be the same at each time
point (i.e., best indicator at Time 1 should be best indicator at Time 2). Strong factorial
invariance, then, focuses on the observed means and estimated intercepts of the indicators
(Little et al., 2007). Intercepts are constrained to be equal across time to evaluate this type
of invariance. If this step of invariance is passed, the means of the indicators have the
same relative pattern at each time point (i.e., largest indicator mean at Time 1 is largest
mean at Time 2).
Although some authors advocate for at least three waves of data to establish
mediation (e.g., Collins et al., 1998), Cole and Maxwell (2003) describe an appropriate
procedure for using two-waves of data (i.e., a half-longitudinal model) to estimate
indirect effects. If researchers can assume that X has a stable influence on M over time
(stationarity), the half-longitudinal approach can be accurate. Inclusion of two time points
will illustrate how constructs are related to one another over time. Time elapsed between
measurement occasions can demonstrate how a construct at Time 1 predicts a construct at
Time 2 (Little et al., 2007). Confirmation of mediation as a causal process requires this
type of temporal progression that panel models afford (Cole & Maxwell, 2003; Maxwell
& Cole, 2007).
Model Comparisons. Preacher and Hayes (2008) outline two main elements that
should be addressed in evaluation of multiple mediator models: (a) examination of a total
indirect effect of X to Y and (b) determination of specific indirect effects. These
guidelines were used to compare the four models estimated in this study. Namely, was
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the size of the total indirect effect notably different between models and do different
mediators emerge as significant across the four approaches? Relative importance of the
mediating effects will also be compared across models by examination of standardized
coefficients for the indirect effects. These guidelines illustrate differences in substantive
conclusions reached with the four modeling strategies.
In addition, the models were compared in terms of statistical fit. Fit indices
provide an index of how closely the model implied covariance matrix reflects the true
relationship among the constructs (Kline, 2011). For purposes of model comparison,
three types of model fit will be evaluated: (a) absolute, (b) parsimonious, and (c)
incremental. There is no perfect fit index. Consideration of all three types helps to form a
more accurate picture of model fit. Further, joint consideration of different fit types
informs decisions about model fit when individual statistics are weak on their own.
Absolute fit indices indicate the amount of covariance in the data that is reflected
in the specified model (Kline, 2011). The model chi-square statistic is an absolute fit
index that tests the hypothesis that the implied matrix is an exact fit to the observed data.
A non-significant chi-square value indicates the specified model is consistent with the
data (Kline, 2011). Chi-square values increase with sample size and are thus more likely
to be found significant. However, as sample size is consistent across the four models
proposed here, the chi-square value will still be useful for comparison. The Standardized
Root Mean Squared Residual (SRMR) is another absolute fit index that will be used for
comparison of the four models. SRMR reflects the difference between the observed and
model-implied correlations between constructs. A value less than .08 is desired for the
SRMR. Parsimonious fit indices adjust for complexity in the specified model and favor
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more simple models (Kline, 2011). The Root Mean Square Error of Approximation
(RMSEA) will represent this type of fit. RMSEA is a badness-of fit index where zero
indicates the best fit (Kline, 2011). The desired value of RMSEA is less than .06 with a
confidence interval which has an upper-bound value of no greater than .10. Finally, the
incremental class of fit indices, also known as comparative fit indices, evaluates the
specified model against a null baseline model of zero covariance among constructs.
These indices reveal how well the model compares to the worst-fitting model possible
(Kline, 2011). The Comparative Fit Index (CFI) indicates greater fit as it approaches a
value of one; values above .95 are desired.
As a final evaluative step, each model was compared in terms of variance
accounted for in the endogenous constructs, particularly Television Exposure (i.e., effect
size). R2 values provide this index. Even models with strong fit statistics can have little
predictive validity (i.e., small R2 ).
Missing Data. Nearly all datasets involving human subjects will have some
degree of missingness. That is, some items will be unanswered. There are three possible
missing data patterns (Allison, 2002; Kline, 2011; Little, 2011b). These include: (a)
missing at random (MAR); (b) missing completely at random (MCAR); and (c) nonrandom missing (MNAR). MAR data have no relation to unobserved variables but may
be predicted by measured variables. MCAR data have no relation to observed or
unobserved variables. MNAR data are related to unobserved variables and possibly
observed variables (Little, 2011b). These are also called missing data mechanisms. It is
difficult to assess which missing data mechanism is present. In family studies, missing
data are rarely MCAR because human factors (e.g., depression, privacy preferences,
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socioeconomic status) are often related to missing patterns (Acock, 2005). Additionally,
MAR is not a testable assumption (Allison, 2002). Data that are MNAR require “great
caution and care” in specifying the correct model to account for the missingness (Allison,
2002, p. 7). With these complexities, management of missing data is an ongoing topic of
research and debate in the field.
There are four main methods to manage missing data: (a) available cases, using
only cases with complete data on all variables (i.e., pairwise and listwise deletion); (b)
single imputation, replacing missing values with a single value (e.g., mean replacement);
(c) model-based multiple imputation, generating possible solutions for missing data based
on the data structure (i.e., multiple imputation, MI); and (d) full information maximum
likelihood (FIML), computing covariance matrices for every observation allowing them
to reflect their own missing pattern and then summing them to create a combined
likelihood function (Kline, 2011; Little 2011b).The first two methods are often referred
to collectively as traditional approaches. The latter two, developed more recently, are
labeled modern missing data methods.
Allison (2002) details the criteria for assessment of a missing data management
method. The optimal strategy will (a) minimize bias, (b) maximize use of available data
to increase efficiency, and (c) provide accurate estimates of standard errors, confidence
intervals, and significance. Available case methods will produce unbiased estimates if the
missing data are MCAR, but may result in bias if the data are MAR (Allison, 2002).
Additionally, the loss of data with available case methods can lead to diminished
power— as much as a 20% increase in Type II errors for evaluating significance of path
estimates (Acock, 2005; Allison, 2002). Graham (2009) recommends using listwise
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deletion only when the proportion of missing data is less than 5%. Approaches to
missing data using single imputation retain all available data but bias parameter and
standard error estimates by restricting variance of the variables under study (Allison,
2002). The mean may be a poor guess for missing values because persons at the
extremes are less likely to answer questions (Acock, 2005). The resulting reduction in
variation can lead to underestimating the relation between constructs and an artificially
diminished R-square value (Acock, 2005).
Modern missing data methods fare better in terms of these statistical criteria. MI
methods retain all data by using the available data to estimate the missing values based
on other response patterns. This approach also provides accurate estimates, is available in
the most accessible software packages (e.g., SPSS, SAS), and can be used in special
circumstances where FIML cannot (e.g., logistic models, Cox regression; Allison, 2002).
However, some researchers are uncomfortable with this method, considering it to be a
misrepresentation of the data. Another disadvantage of MI is that estimates will be
slightly different each time the analysis is completed (Allison, 2002). FIML is more
efficient than MI and requires far fewer statistical decisions (e.g., which method of MI to
employ, how many data sets to generate, what distribution to use; Allison, 2012). FIML
allows for retention of all available data and involves no value replacement for missing
data. Rather, FIML represents all cases by giving less weight to response sets with an
incomplete response pattern and more weight to complete response sets in the final
likelihood function, thus providing a control for loss of data. Compared to available case
methods, FIML yields more accurate, efficient model estimates under both MAR and
MCAR circumstances and with the most desirable convergence and Type I error rate
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(Enders & Bandalos, 2001). With these considerations, FIML is the missing data
management method selected for this analysis.
Data screening. Missing percentages showed that missingness was less than 7%
for 17 of the 19 manifest indicators. Two indicators for Neighborhood Quality (questions
about drugs and muggings) demonstrated the highest missingness at approximately 20%
each. This is possibly due to the sensitivity of these questions. All bivariate missingness
not involving the Neighborhood indicators was less than 10%. The highest bivariate
missingness was between the Time 1 Neighborhood indicators and the Time 2 Parent
Stress and Social Support indicators, all approximately at 21%. This percentage of
missingness is approximately 30% below levels of missingness common to other family
studies (See Acock, 2005 for a review). At 20% missingness, FIML performs well
compared to having complete data, providing accurate estimates when data are MCAR
and erring on the conservative side of standard error estimation when data are MAR
(Buhi, Gooddon, & Neilands, 2008; Schlomer, Bauman, & Card, 2010).
At the univariate level, Z-statistics reflecting skewness were significant for 17 of
19 indicators, with the most skewed indicator being Neighborhood Drug Use at Time 1
(Z = 26.36). Involvement with a “Church service or other religious club or activity” was
not skewed at either time point. All significant skew was in the positive direction.
Kurtosis Z-statistics were also significant for 17 of the 19 variables with a maximum of Z
= 38.4 (hours child watches TV at Time 2). The Parent Stress indicator of “Sometimes
the punishment I give depends on my mood” at Time 1 and the TV indicator of “Hours
child watches TV” at Time 2 were not significant. Kurtosis was negative (i.e., flat
distribution, DeCarlo, 1997) for hours TV on at Time 1, Church at Time 1 and Time 2,
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Hobby at Time 2, and Punishment at Time 2. All other variables were leptokurtic (i.e.,
positive kurtosis). However, Kline (2011, p. 63) states that z-statistics for skew and
kurtosis are often significant in large samples even when departures from normality are
small. In this case, absolute skew values greater than 3 and kurtosis values greater than
10 indicate normality problems (Kline, 2011). No indicators exceeded these values in the
study data.
Multivariate normality statistics indicated violation of the assumption: skewness,
Z = 65.79, p < .001; kurtosis, Z = 3.36, p = .001; skewness and kurtosis, χ2 = 57.36, p <
.001. Due to the failing assumption of multivariate normality, the MLR estimator was
preferred over the commonly used and default ML estimator (Newsom, 2004). MLR
provides “maximum likelihood parameter estimates with standard errors and a chi-square
test statistic (when applicable) that are robust to non-normality” (Muthén & Muthén,
2012, p. 609).
To assess additional assumptions, regression analysis was conducted in SPSS
with Time 1 indicators of all constructs and Time 2 indicators of Social Support and
Parent Stress predicting the mean of the two TV indicators at Time 2. A scatter plot of
the standardized residuals against the predicted values had no severe pattern indicating no
substantial problem with heteroscedasticty. Points on the normal probability plot
exhibited a slight departure from the diagonal, consistent with normality conclusions
aforementioned. Again, this will be addressed with the use of an MLR estimator in
MPLUS. Inherent to all longitudinal research, observations across time are not
independent. That is, Time 2 answers are related to Time 1 answers of the same person

37

(nested within person). In the longitudinal models estimated, Time 1 constructs predict
their counterparts to provide a control for this relationship.
Examination for outliers indicated some possible influential data points. Although
the largest Cook’s D value (.05) was below the threshold for identifying outliers on both
X and Y, values on standardized residuals and the leverage statistic suggested potential
outliers. Standardized residual values indicated three potential outliers on TV at Time 2.
These individuals demonstrated high levels of TV Exposure. However, this is not a
substantive reason for exclusion as this study seeks to model overexposure to TV. More
individuals were identified using the leverage statistic (N= 25). Sequential exclusion of
these cases did not result in a change to the R-square value, the significance of the
predictors, or the relative importance of predictors. Inspection of response sets revealed
one interesting response pattern that was shared by half of these potential outliers,
reporting high “TV on” times but low “child watch” times. It is not possible to determine
if these responses were honest or due to social desirability. Hence, these cases were not
excluded.
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Chapter 3
Results
Cross-Sectional Estimation
Cross-sectional measurement model. The CFA for the cross-sectional model
exhibited adequate fit indices. The Root Mean Square Error of Approximation (RMSEA)
for the measurement model was 0.02 (CI = .00; .03); the Standardized Root Mean Square
Residual (SRMR) was .03; and the Comparative Fit Index (CFI) was .988. The chisquare value was also non-significant, χ 2 (39) = 49.18, p = .13. Standardized factor
loadings were .59, .68, and .80 for Neighborhood Quality; .59, .52, and .45 for Social
Support; .54, .80, and.64 for Parent Stress, and .44 and .83 for Television Exposure. All
loadings were significant. A summary of fit indices for all confirmatory factor analyses
is provided in Table 4.
Cross-sectional product of coefficients model. A comparison of the fit indices
yielded by all structural models is provided in Table 5. The structural model at time one
employing the product of coefficients method demonstrated good fit according to
RMSEA (.02, CI = .00, .03), SRMR (.03), and CFI (.99). The chi-square value was also
non-significant, χ 2 (39) = 45.68, p = .21. A significant specific indirect effect was
observed from Social Support to Parent Stress to Television (t = -2.54, p = .01). Paths
from Social Support to TV (t = -2.79, p = .005), Social Support to Parent Stress (t = 4.02, p < .001), and Parent Stress to TV were significant (t = 2.73, p = .006). However,
the total indirect effect between Neighborhood and TV was non-significant. R-square
values indicated that the model accounted for less than 1% of the variance in Social
Support, 5.9% of the variance in Parent Stress, and 9.6% of the variance in Television
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Exposure. Figure 4 presents standardized factor loadings, residual variances, and path
estimates with significance indicated.

Figure 4. Cross-Sectional model with estimates
**p < .01; Standardized estimates shown
Cross-sectional bootstrapping model. The cross-sectional model with a
bootstrapping approach to estimation demonstrated similar results to the cross-sectional
product of coefficients model. All factor loadings, path estimates, and residual variances
were the same for this model as compared to the product of coefficients model featured in
Figure 4. Fit indices were favorable: RMSEA = .02, CI = .00, .03; SRMR = .03; CFI =
.99; and χ 2 (39) = 49.88, p = .11. The same pattern of significance for paths and indirect
effects was also observed: the specific indirect effect from Social Support to Parent Stress
to Television (t = -2.32, p = .02), the paths from Social Support to TV (t = -2.70, p =
.007), Social Support to Parent Stress (t = -3.92, p < .001), and Parent Stress to TV (t =
2.56, p = .01). There was no change in the R-square values for this model compared to
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the cross-sectional product of coefficients model and the total indirect effect was, again,
non-significant. Only the exact levels of significance varied from the cross-sectional
product of coefficients model. Direct, indirect, and total effects for the cross-sectional
models are given in Table 3.

Table 3
Cross-Sectional Effect Estimates
From, To
Neighborhood Quality, Parent Stress

Direct
Effect
.04 (.06)

Neighborhood Quality, Social Support

-.07 (.07)

Neighborhood Quality, Television
Exposure

Indirect
Effect
.02 (.02)

-.07 (.07)
.03 (.02)

Parent Stress, Television Exposure

.17 (.06)**

Social Support, Television Exposure

-.24 (.09)**

Social Support, Parent Stress

-.25 (.06)**

Total
Effect
.06

.03 (.02)
.17 (.06)**

-.04 (.02)*

-.20
-.25 (.06)**

*p < .05. **p < .01.
Note. Unstandardized path coefficients (with standard errors) provided. MPLUS does not
provide standard errors or significance tests for total effects where there is both a direct
and indirect effect. These coefficients were derived by summing the direct and indirect
effects in accordance with Kline (2011).
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Longitudinal Estimation
Longitudinal measurement model. A configural invariant model with the same
indicators loading on the same constructs at each time point demonstrated desirable fit
statistics, RMSEA = .02, (CI = .01, .03), SRMR = .04, CFI = .984. The same indicators at
different time points were allowed to covary. All factor loadings were significant with
standardized loadings ranging from .40 to .83. However the chi-square value was
significant, χ 2 (125) = 166.46, p = .008. A weak invariance model restricting the factor
loadings to be equivalent across time demonstrated similar fit: RMSEA = .02, (CI = .01,
.03), SRMR = .04, CFI = .985. χ 2 (129) = 168.54, p = .008. A chi-square difference test
was computed to determine if the change in chi-square was large enough to indicate
significant loss of fit with the added constraint of equality of the factor loadings. Chisquare difference tests using chi-square values obtained through MLR estimation require
a special formula provided by Satorra and Bentler (1999) [cd (d0*c0 – d1*c1)/(d0-d1),
where cd = difference test scaling correction, d0 and c0 = degrees of freedom in the
nested model and comparison model, respectively and d1 and c1 = scaling correction
factor for the nested and comparison models, respectively; χ 2 dif (TRd) = (T0*c0 –
T1*c1)/cd, where T0 and T1 are the MLR chi-square values for the nested and
comparison model, respectively]. This formula yielded a chi-square difference value of
2.62 (p = .62). This non-significant difference test provided evidence to support weak
invariance.
A strong invariant model restricting the pattern of the indicator means (i.e.,
intercepts) to be the same across time points had similar fit statistics to both the
configural and weak invariance models: RMSEA = .02, (CI = .01, .03), SRMR = .04, CFI
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= .98, χ 2 (135) = 187.27, p = .002. The MLR chi-square difference statistic comparing the
strong invariance model to the weak invariance model was a significant 19.70 (p = .03).
However, the change in CFI was .005 ( > .01) indicating that the constrained parameters
were equivalent across time (Cheung & Rensvold, 2002). Thus, measurement invariance
for the longitudinal model was confirmed. Table 4 provides the model fit information at
each step of invariance testing.
Standardized factor loadings at Time 1 were .59, .68, and .80 for Neighborhood
Quality; .60, .49, and .46 for Social Support; .61, .82, and.54 for Parent Stress, and .44
and .83 for Television Exposure. At Time 2, standardized loadings were .73, .57, and .54
for Social Support; .65, .78, and .53 for Parent Stress, and .40 and .80 for Television
Exposure. All loadings were significant.

43

Table 4
Fit Indices for Confirmatory Factor Analyses
RMSEA
(90% CI)

SRMR

CFI

.02 (0.00: 0.03)

.03

.988

.02 (0.01: 0.03)

.04

.984

.02 (0.01: 0.03)

.04

.985

.003 .02 (0.01: 0.03)

.04

.980

Model
CrossSectional

χ2

df

p

49.18

39

.13

Longitudinal
Configural
Invariance

166.46 125 .008

Longitudinal
Weak
Invariance

168.54 129 .01

2.62

.62

Longitudinal
Strong
Invariance

187.27 135 .002

19.70

Δχ 2

p

Note. Chi-square difference values reflect tests of invariance for the longitudinal CFA,
each model including its restraints, plus the constraints of the previous models. Reported
chi-square difference statistics were based on the Satorra and Bentler (1999) MLR chisquare difference formula.
Longitudinal product of coefficients model. The longitudinal model employing
a product of coefficients method provided good fit indices [RMSEA = .02, (CI = .01,
.03), SRMR = .04, CFI = .98] but a significant chi-square, χ 2 (139) = 189.61, p = .003.
See Figure 5 for standardized parameter estimates. The total indirect effect upon TV was
non-significant (t = 1.44, p = .15) as were all estimates of specified indirect effects. The
specific indirect effect nearest to significance was that from Neighborhood to Social
Support to TV (t = 1.53, p = .13), a different pattern than found cross-sectionally.
Significant paths were observed between all constructs and themselves at Time 1 and
Time 2. In addition, Social Support at Time 2 was marginally predicted by Neighborhood
at Time 1 (t = -1.79, p = .07). Both Stress (t = 2.34, p = .02) and Social Support (t = 44

2.82, p = .01) at Time 2 significantly predicted TV at Time 2. This model accounted for
45.1% of the variance in Television Exposure at Time 2, 26.7% of Parent Stress at Time
2, and 41% of Social Support at Time 2. Table 6 provides estimates of longitudinal direct
and indirect effects. Total effects are not given as estimation would have required
additional parameters requests not estimable in the cross-sectional model. That is, effects
of interest were kept consistent between the cross-sectional and longitudinal approaches.
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Figure 5. Longitudinal model with estimates
**p < .01. *p < .05. †p < .10; Standardized estimates shown

Longitudinal bootstrapping model. The longitudinal bootstrapping model also
demonstrated adequate fit and a significant chi-square: RMSEA = .02, (CI = .02, .03),
SRMR = .04, CFI = .98. χ 2 (139) = 199.11, p = .001. All parameters were an exact match
with those derived from the longitudinal product of coefficients approach (Figure 5)
Similar to the longitudinal product of coefficients approach, the total indirect effect (t =
1.35; p = .18) and all specific indirect effects were non-significant. Significance of path
estimates was slightly more conservative in this approach. For example, the indirect
effect from Neighborhood to Social Support to TV exhibited a t-value of 1.43 (p = .15)
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compared to a t-value of 1.53 (p = .13) in the longitudinal product of coefficients model.
As with the product of coefficients approach, all constructs at Time 2 were significantly
predicted by their Time 1 equivalent. Neighborhood at Time 1 again marginally predicted
Social Support at Time 2 (t = -1.78, p =.08). Parent Stress (t = 2.27, p = .02) and Social
Support (t = -2.60, p = .01) at Time 2 predicted TV at Time 2 as in the product of
coefficients approach. The bootstrapping model accounted for 45.1% of the variance in
Television Exposure at Time 2, 26.7% of Parent Stress at Time 2, and 41% of Social
Support at Time 2.
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Table 5
Fit Indices for Structural Models
χ2

df

p

45.68

39

.21

Cross-Sectional
Bootstrapping

49.88

39

Longitudinal
Product of
Coefficients

189.61

Longitudinal
Bootstrapping

199.11

Model
Cross-Sectional
Product of
Coefficients

RMSEA
(90% CI)

SRMR

CFI

.02 (0.00:
0.03)

.03

.992

.11

.02 (0.00:
0.03)

.03

.990

139

.003

.02 (0.01:
0.03)

.04

.981

139

< .001

.02 (0.02:
0.03)

.04

.981

Note. Product of coefficients model fit reflects the MLR chi-square value.
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Table 6
Longitudinal Effect Estimates
From, To

Direct Effect

Indirect Effect

Neighborhood QualityT 1 , Parent StressT 2

.004 (.04)

.01 (.008)

Neighborhood QualityT 1 , Social SupportT 2

-.11(.06)†

Neighborhood QualityT 1 , Television ExposureT 2

.02 (.01)

Parent StressT 1 , Television ExposureT 2

-.07 (.06)

Parent StressT 2 , Television ExposureT 2

.13 (.06)*

Parent StressT 1 , Parent StressT 2

.49 (.07)**

Social Support T 1 , Television Exposure

.07 (.08)

T2

Social Support T 1 , Parent Stress T 2

.10 (.08)

Social Support T 2 , Parent Stress T 2

-.10 (.06)

Social Support T 2 , Television ExposureT 2

-.17 (.06)**

Social Support T 2 , Social Support T 2

.72 (.08)**

Television ExposureT 1, Television ExposureT 2

.54 (.09)**

.01 (.01)

Note. Unstandardized path coefficients (with standard errors) from the longitudinal
product of coefficients approach provided. Table only reports indirect effects of interest;
does not include indirect effects where the Time 2 construct is a mediator from the same
Time 1 construct. Thus, total effects which include controls of the construct at previous
time points are not reported. †p < .10. *p < .05. **p < .01.
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Chapter 4
Discussion
This study compared longitudinal and cross-sectional approaches to estimation of
multiple mediation effects with both product of coefficients and bootstrapping estimation
methods. In a sample of 767 Head Start families, indirect effects between Neighborhood
Quality and Television exposure were first estimated with product of coefficients and
bootstrapping approaches in a cross-sectional dataset (Figure 1). The same
methodological approaches were applied to evaluate the model with longitudinally
collected data (Figure 2). Across all four estimation approaches, findings generally
support the fit of the proposed conceptual model. Based upon significance values for path
estimates, fit indices, and indications of variance accounted for, there are a set of distinct
substantive conclusions for each model. Whereas findings between the product of
coefficients and bootstrapping approaches were consistent between both the two crosssectional and two longitudinal models, findings differed substantially between the crosssectional and longitudinal estimations. These conclusions are discussed as well as
implications for the study of mediation in the social sciences.
Cross-Sectional Model Substantive Conclusions
Cross-sectional product of coefficients. Of the four model approaches estimated
in this study, the cross-sectional product of coefficients approach is the most prevalent in
the existing literature. The availability of cross-sectional data (versus longitudinal data)
and software defaults to the delta method contribute to the popularity of this method.
Thus, the results of this approach would be the most likely to be reported and interpreted
in the current state of the science.
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Social Support demonstrated both a direct effect and specific indirect effect upon
Television Exposure through Parent Stress despite the absence of a total indirect effect of
Neighborhood Quality on Television Exposure. That is, a parent’s availability of Support
systems was directly and negatively related to Television Exposure for the child.
Additionally, a lack of Social Support created more Stress for the Parent which, in turn,
resulted in more Television Exposure. The predictive value of Neighborhood Quality in
this model was negligible. However, this model resulted in the best overall fit of all four
model estimation methods in terms of the chi-square value and its significance. Coupled
with significant variance accounted for in both Television Exposure and Parent Stress,
researchers would be likely to deem this a valuable model.
The findings of this model also suggest that Social Support systems are a target
for future intervention, regardless of Neighborhood Quality. In other words, counter to
prior studies (e.g., Turney & Harknett, 2010), Social Support showed no significant
relationship to Neighborhood Quality in the present study. This model implies that to
reduce Television Exposure for children, interventionists should (a) create opportunities
for parents to extend their social networks and (b) provide coping mechanisms for the
stress created by a lack of social support. Parents lack social support for reasons that are
unrelated to their neighborhood and may need general skills to create social networks
according to this model. Thus, besides the lack of influence of Neighborhood Quality,
findings were consistent with previous research (e.g., Ajrouch et al., 2010; Anderson,
Collins, Schmitt, & Jacobvitz, 1996; Finn & Gorr, 1988) on the relationship between
Social Support and Parent Stress and the contribution of those factors to excessive
Television Exposure.
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Cross-sectional bootstrapping. Researchers who are aware of violations of
normality and normality of the indirect effects within their dataset may select a nonparametric approach (i.e., bootstrapping) even when longitudinal data are not available.
With the empirical example presented in this study, there was little difference between
the findings of a product of coefficients and bootstrapping approach with cross-sectional
data even though study data violated normality assumptions. Decisions regarding
significance, adequacy of fit, and variance accounted for were identical between the two
approaches. Therefore, bootstrapping did not reveal any methodological advantages with
cross-sectional data in this study.
Longitudinal Model Substantive Conclusions
Longitudinal product of coefficients. The longitudinal product of coefficients
approach illustrates how adding a wave of data to the most common method (crosssectional product of coefficients) can alter substantive conclusions. Results of this model
were considerably different than that of its cross-sectional counterpart. No significant
indirect effects were observed. Further, there were no significant relationships between
Time 1 constructs and Time 2 constructs other than those between the same construct
across time points. However, Neighborhood Quality at Time 1 had a marginal impact on
Social Support at Time 2. Both Social Support and Parent Stress at Time 2 had direct
effects upon Television Exposure at Time 2.
These results are counter to studies that suggest decreased Social Support and
elevated Parent Stress would lead to increased Television Exposure over time
(Henggeler, 1991; Kawachi & Berkman, 2001; Perse & Rubin, 1990). Rather, these
findings suggest that Social Support, Parent Stress, and Television Exposure are only
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cross-sectionally correlated, not causally related in the study data. Applying these
findings, intervention programs would want to focus on (a) improving neighborhood
quality (e.g., adding police patrol), (b) helping parents develop social relationships and
support systems with consideration of the limitations of their neighborhood, and (c)
developing techniques for day-to-day stress management.
Longitudinal bootstrapping. Extending findings of previous simulation studies
with cross-sectional data, bootstrapping with longitudinal data should provide more
power than a product of coefficients approach. However, the findings of bootstrapping
and product of coefficients estimations were very similar with longitudinal data as they
were in the cross-sectional example. Significance decisions, fit indices, and estimates of
variance were identical between the two methods (Table 5).
Comparison of Product of Coefficients and Bootstrapping Estimations
Inconsistencies between the product of coefficients and bootstrapping approaches
were only noted in the exact values of the significance estimates and chi-square statistics.
In all cases, the bootstrapping method provided more conservative (larger) chi-square
values. Cross-sectionally, the greatest discrepancy in the estimated significance levels
was for the indirect effect from Neighborhood Quality to Television Exposure through
Social Support (pdif=.03). Longitudinally, the largest difference between the product of
coefficients and the bootstrapping significance levels was for the indirect effect of Social
Support on Television Exposure through Parent Stress (pdif=.063). Both cross-sectionally
and longitudinally, the significance discrepancies were larger for tests of significance for
indirect effects than for direct effects. In this study, the more conservative significance
estimates provided by bootstrapping estimation did not result in any difference in
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conclusions compared to the delta method. If significance levels had been nearer to the
threshold, however, disparate decisions about significance could have been observed.
Given the previous research about the comparative advantage of bootstrapping,
the congruence between the findings of the two approaches is surprising. In fact, this is
the first known study to suggest that bootstrapping is more conservative in terms of
power. There are characteristics of this study that may have resulted in the similarity of
the results between the bootstrapping and product of coefficients approach. These should
be considered before generalizing the comparability of the estimation approaches to other
studies of mediation effects. First, the ratio of sample size to magnitude of effects was
favorable. Fritz and MacKinnon (2007) caution that the product of coefficients approach
is most problematic in small samples with small effects ( < .14) following the initial
admission of Sobel (1986) that product of coefficients estimation performs best in large
samples. In the current study, minimum sample size requirements were met and the
strength of relationships generally exceeded the threshold of .14. The two approaches
would likely produce more variable results in smaller samples with smaller effects.
Second, estimation of the product of coefficients approach in this study accounted for
multivariate non-normality in the data with specification of an MLR estimator. This
adjustment, although fully appropriate, is often overlooked in other studies.
Bootstrapping inherently corrects for all non-normality. Thus, past and future studies
comparing the bootstrapping and product of coefficients approach in a non-normal
sample may yield more discrepant results than the present study if the MLR estimator is
not used in conjunction with the delta method as needed. Finally, the standard errors of
the indicators of Television Exposure were large relative to the means in this study. This
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is a condition that can result in reduced non-normality of the indirect effect (Arioan,
1947), the issue that bootstrapping seeks to overcome.
Comparison Summary of Cross-Sectional and Longitudinal Data Application
This study illustrates the claim of Maxwell et al. (2011) that cross-sectional
approaches to mediation can both underestimate and overestimate mediation relationships
over time. Findings also extend the literature by showing that both types of errors can
occur in the same model. In the cross-sectional model, Parent Stress was a mediator
between Social Support and Television Exposure (pproduct = .01; pbootstrap = .02). This
effect was non-significant longitudinally (pproduct = .28; pbootstrap = .34). Further, the
strongest indirect effect in the longitudinal model, Social Support at Time 2 as a mediator
between Neighborhood Quality at Time 1 and Television Exposure at Time 2 (pproduct =
.13; pbootstrap = .15), was far from significance in the cross-sectional model (pproduct = .39;
pbootstrap = .42). Thus, the conclusions reached from the two models are substantively
different. Even though neither cross-sectional nor longitudinal analyses demonstrate a
total indirect effect, the cross-sectional model suggests a specific indirect effect that is not
evident, nor evens the strongest indirect effect, longitudinally. Although these differences
may reflect design elements specific to this study (e.g., lag time, constructs under study),
results are consistent with previous simulation studies.
There are at least two additional misleading features of the cross-sectional model.
Besides the effect of Neighborhood Quality on Social Support, the cross-sectional model
overestimates the relationship between constructs over time. In fact, there were no
significant cross-lag (i.e., over time) paths between constructs despite the relationships at
each distinct time point. This is equally true for the product of coefficients or
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bootstrapping methods with cross-sectional data which illustrates the Maxwell et al.
(2011) posit that bootstrapping does nothing to correct the limiting nature of crosssectional data. Additionally, the longitudinal chi-square values are considerably larger
than the cross-sectional chi-squares. All else being equal, this suggests that the
longitudinal model is less consistent with the data than the cross-sectional model even
though fit indices are similar between the two approaches. Researchers could erroneously
use the chi-square statistic to deem the cross-sectional model more useful.
Strengths, Limitations, and Implications
Findings of simulation studies can be difficult to understand and apply. This
study provides a real-world illustration of the issues relevant to mediation estimation with
a plausible model analogous to those often proposed in the social sciences. This extends
the work of Cole and Maxell (2003; 2009), Maxwell and Cole (2007), and Maxwell et al.
(2011) by translating statistical claims of simulation studies to practical terms of
application. Consistent with their work, this study shows that cross-sectional estimation
of medication effects can result in inaccurate conclusions about how variables are
causally related over time.
Yet, there is a large body of science that focuses on the interpretation of crosssectional ‘mediation’ effects. This highlights an important question for the field. What is
to be made of significant indirect effects at a snapshot in time? Are cross-sectional
studies of mediation “certainly futile” as Maxwell et al. (2011, p. 836) claim? Although
findings from this study cannot provide the definitive answer to that question, these data
underscore the relevance of time lapse in mediation analysis and call for more research
and discussion to lead toward a consensus for social science researchers. At a minimum,
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researchers should be cautious with interpretation of cross-sectional indirect effects and
should be skeptical of studies claiming mediation with cross-sectional data.
Real data with human subjects have limitations. A chief limitation of this study is
the absence of a third wave of data, particularly given the strong assumption of
stationarity. Modern researchers may have access to only two waves of data, as in the
current study, because of the expensive nature and logistical barriers to following
participants over time. Future research on mediation should compare results found
between a cross-sectional, half-longitudinal (i.e., two waves of data), and full longitudinal
(i.e., three or more waves of data) approach. This type of study will be needed to justify
the cost and time demands that are required to collect three or more waves of data to both
funding agencies and skeptical researchers.
An additional limitation is the nature of the measurement of Neighborhood
Quality in this sample. A wider range in income would have resulted in a greater
variance in neighborhood quality. In this study, however, the relations between the
construct were likely attenuated. This helps to understand the overall weaker link
between Neighborhood and TV than that found in previous studies. With greater
diversity in neighborhood quality, the predictive value of the model would likely be
increased. Future research examining process mechanisms between Neighborhood and
TV should include the full range of Neighborhood Quality. Further, causal validity in the
study could have been improved by only including families who had experienced a recent
move (see Larzelere & Cox, in press). Restricting the sample in this way would increase
the chances that changes over time in Stress and Social Support were related to the
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Neighborhood (i.e., provide a natural experiment). Methodological implications should
be considered in light of these measurement issues.
The lag between constructs is an added element that should be considered as
potential limitation of this study and all longitudinal research. That is, study of one
variable’s impact upon another must include the appropriate amount of lag. Allowing too
little or too much time to pass between measurements of the indicators can impact (i.e.,
moderate) how the constructs are related in the model (Selig, Preacher, & Little, 2012). In
this study, approximately six months passed between the Time 1 and Time 2 interview.
Except for the across-time relationship between Neighborhood and Social Support, all
cross-lag relations were small and non-significant despite stronger paths at each distinct
time point. This suggests that the time lag in this study was minimally suitable for
Neighborhood to have an impact on Social Support, but the lag was not optimal for
capturing the over-time relations between the other constructs.
Before designing expensive longitudinal studies, researchers should pilot different
time intervals between data collection points to better understand the amount of time that
it takes for constructs at Time 1 to exert their influence on constructs at Time 2. Findings
also suggest that the appropriate amount of lag between constructs may not be consistent
for each construct pair. Therefore, researchers must clarify the appropriate lag time
between each set of constructs and collect measurements accordingly.
This study offers one example of the substantive conclusions that can be reached
by various strategies of mediation estimation. These results are specific to the model
proposed, properties of the indicators as they were measured, and the time elapsed
between measurements. Thus, the same comparative strategy with a different empirical
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model as a basis may yield differences that are more or less extreme between estimation
approaches. Researchers should not expect product of coefficients and bootstrapping
results to be so similar or cross-sectional and longitudinal modules to be so dissimilar
with their own sample and research question.
Given that stipulation, the current study lends credence to previous simulation
study claims that the estimation strategy matters. In so doing, this study provides further
evidence that consistency is needed in the analytic approach to mediation. The field of
behavioral science stands to benefit directly from such an advancement, as a great deal of
modern research in sociology, psychology, child development, family science, and
education reflect mid-range theories of process. A necessary development over previous
studies advocating for improved mediation analysis is to specify guidelines for best
practice rather than to merely condemn efforts of the past. The adoption and use of
appropriate terminology is an important first step. Based on the convergence of this
study’s findings with previous research, it is recommended that researchers refrain from
referring to cross-sectional indirect effects as mediation. Mediation is a specific term that
implies causality. Cross-sectional indirect effects may or may not reflect causal processes
that unfold over time. This distinction in language will precede a shift in thinking about
the implications of cross-sectional indirect effects.
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Appendix A
Family Map: Indicator Measurement
Neighborhood Quality

Social Integration

Parent Stress

Television Exposure

Source: Whiteside-Mansell, L., Bradley, R. H., Conners, N. A., & Bokony, P. A. (2007).
The Family Map: Structured interview to identify risks and strengths in Head Start
families. NHSA Dialog: A Research-to-Practice Journal for the Early Intervention Field,
10, 189-209.
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Appendix B
Indicator Correlations, Means, and Standard Deviations
1
2
3
4
5
6
7

8

9

10

11

12

Time 1

1. Hours TV on
2. Hours child

.38**

watches
3. Think about
.06
moving
4. Neighborhood
.06
drugs
5. Neighborhood
.05
burglary/
assault
6. Child is harder .10*
to care for
7. Efforts
.13**
unappreciated
8. Punishment
.13**
depends on
mood
9. Community
-.11**
organization
10. Church/
-.12**
Religious
organization
11. Hobby/ Sport
-.07
with friend
Time 2

12. Hours TV on
13. Hour watches

.08*
.03 .42**
.14** .48**

.55**

.04 .08*

.10*

.08*

.07

.02

.02 -.002 .51**

.07

-.03

.01 -.003 .33**

-.08*

-.05

-.03

-.07

-.05

.01

-.08* .004

-.01

.51**

.21**

.04

.05

.25**

.44**

.04

.06

-.05 -.11**
.004

.43**

-.08* -.12**

-.08* -.11**

-.04 -.10** -.10**

.05 .11**
.10*

.01

.11**
.05

-.05 .32**

-.03 .27** .23**

.12** -.14** -.14** -.09*
.06
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-.05 -.08*

-.02

.35**

13

14

15

16

17

18 19
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Indicator Correlations, Means, and Standard Deviations
1
2
3
4
5
6
7
8
**
**
14. Child is harder .09*
.06 .01
.05
.08 .51
.28
.15**

to care for
15. Efforts
unappreciated
16. Punishment
depends on
mood
17. Community
organization
18. Church/
Religious
organization
19. Hobby/ Sport
with friend
Mean
Standard Deviation

9

10

11

12

13

**

*

-.04

-.06

-.01

.10

15

16

.01

-.02

.09*

-.01 .27**

.40**

.13**

-.01

-.04

-.07

.14**

.07

-.01

.08

.01 .20**

.25**

.37**

-.03

.001

-.06

-.14**

-.07

-.07 -.12** -.09* -.14** -.11** -.11**

-.14**

-.06

-.04

-.02

-.03

-.06

-.01

-.01

-.07

-.05 -.11** -.11**

-.03 .16** .17** .40** -.16**

-.05 -.11** -.08* -.10*

4.88

2.24 1.37

1.30

1.42

1.32

1.34

1.59

1.59

3.21

1.68

.68

.66

.63

.67

.77

.86

.77

-.08*

**p < .01. *p < .05.
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.08*

.15** .11**

.51**
.32** .43**

.43** .24** .17** -.17** -.14** -.11**

-.06 -.09*

.26** .56** .19** -.21** -.10**

-.06 .001 .41**

2.29 2.07

4.54

2.27

1.04

3.08

1.53

.99

18 19

.09

.07

-.07 -.11**

.09*

14

-.06

1.25 1.33 1.57
.56

.67

.76

.39** .32**

-

1.61 2.28 2.02
.81 1.02

.95

